In this work, an automated chemical reaction network identification procedure using a genetic algorithm (GA) is introduced. The GA uses chemical species concentration data obtained from batch reactors during process experimentation to build ordinary differential equation (ODE) models that represent the chemical reactions occurring. This is achieved using a two-tiered optimization approach. The main tier is an integer optimization problem using GA where the stoichiometric coefficients of the network of chemical reactions are determined. Using these stoichiometric coefficients, the specific rate constants for each reaction are obtained by solving a non-linear optimization problem in the second tier of the proposed approach. The prediction accuracy of any potential reaction network is determined by comparing the results obtained from the ODE model generated by the GA and the measured values obtained from experimentation. More promising models are retained by the GA and are used to construct even better networks in subsequent steps (or generations) of the GA through its evolution process. After a number of generations, the GA is terminated and the best network (in terms of prediction capability) is extracted. Using simulated data, the proposed optimization procedure is demonstrated to be capable of accurately determining a chemical reaction network.
Introduction
Fine chemical and pharmaceutical business models are dependent on developing new products from laboratory scale to full-scale production in the shortest possible time. Information on the chemical reaction network of the process can help expedite the scale up process significantly by bypassing pilot-plant testing and assist in determining the optimized operating conditions. The benefits (Maria, 2004) of having an accurate chemical reaction network are optimal plant and reactor design, optimised process variables, higher quality product, more accurate process monitoring and safer, tighter and more accurate process control, lower amount of waste and by-products, more adaptation to variation in feed-stocks and measurable disturbances and improved production planning and scheduling.
Traditionally, identifying the underlying chemical reactions occurring within a system involves postulating a number of different reaction networks and testing the resulting model against measured process data. This requires significant effort, time and expertise in order to obtain a credible result. The alternative method is to analyse concentration data produced from experimental runs and attempt to automatically elucidate the chemical reaction network.
Using measured concentration data of the chemical species to discover the underlying chemical reaction network can be achieved in one of two ways, through an inferential or deterministic approach. Inferential models such as S-systems (Kikuchi et al., 2003 ) and the tendency model approach (Le Lann et al., 1999) attempt to fit the data into their respective models in order to achieve high level of model prediction accuracy. However, such models are merely mathematical representations with a structure that does not have any physical meaning and therefore will not work effectively beyond the range of the training data. On the other hand, the deterministic approach attempts to model the actual chemical reactions that are occuring through a basic understanding of the chemistry and underlying rate laws, e.g. using the law of mass action. Target factor analysis (Bonvin and Rippin, 1990 ) is one example of this type of approach and it focuses on testing postulated chemical reaction network stoichiometry. An alternative incremental method for deducing the structure of a chemical reaction network was proposed by Burnham (2007) . This requires step-by-step statistical analysis of the concentration data and postulated models and is based on ruling out reactions that do not conform to the process data. Both of these earlier works require human intervention and this may prove problematic and cumbersome when the amount of data to analyse becomes significant.
Automating the deterministic approach to chemical reaction network identification has been attempted using evolutionary algorithms such as differential evolution (Searson et al., 2012) and genetic programming (Koza et al., 2007) . These methods discover the chemical reaction network without any human intervention through machine learning which attempts to produce succesively better results from one generation to another. An advantage of these automated approaches is that they require less effort, time and expertise from the modeller and very minimal a priori information in order to deduce the network.
In this work, we aim to develop a fully automated identification system that requires little human intervention and works using minimal a priori information to elucidate the chemical reaction network based on the use of a Genetic Algorithm (GA).
Methodology

Genetic Algorithm
A Genetic Algorithm (GA) is an evolutionary algorithm which can be used as an optimizer. The novelty of this work is in the encoding of the GA which is done as shown in the examples in Figure 1 .
The examples in Figure 1 show three individuals and each individual represents a potential chemical reaction network (defined in terms of the stoichiometric matrix). Within each of the individuals are genotypes (rows in the matrix) which represent the reactions within the chemical reaction network. Each column in the matrix depicts the chemical species involved in the chemical reaction network. The values in the matrix describe the stoichiometric coefficients of each chemical species in a particular reaction (a negative number implying a reactant and a positive number implying a product of the reaction). Using this type of encoding, the crossover operation has to be modified slightly from the classical GA. Figure 2 shows how the crossover operation is performed. 2. All reactions must be mass balanced. 3. The highest order of reaction that can exist is second order. 4. Reactions using the same reactants but produce different products cannot exist within one individual.
Reaction Rate Constant Calculation
Each of the potential reactions generated by the GA must have their reaction rate defined. For example, the rate of reaction for each of the reactions in the reaction network 
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( 1) can be defined (based on the law of mass action) as (2) The rates of change of concentration (concentration derivatives) of the chemical species can be obtained by fitting the concentration data to a rational polynomial and then differentiating the rational polynomial. The concentration derivatives for the reaction network in (1) based on isothermal non-fed batch reaction can be defined as (3) With equation (2) and (3), the reaction rate constants , , and become the only unknown in the calculation. Using a least squares optimization algorithm, 'lsqnonlin' in MATLAB, the values for the reaction rate constants can be obtained.
Using the obtained reaction rate constants, the predicted concentration of the chemical species based on the reaction network in (1) can be calculated by solving the underlying ODE. The predicted concentration can then be compared against the measured concentration using correlation coefficient to evaluate the model's accuracy.
Simulated data and GA Parameters
To test the ability of the proposed procedure, we used two of the test cases given in (Searson et al., 2012) . Due to space constraint, only one case study will be presented in this paper the other will be presented at the conference.
The structure for the reaction network is as follows:
The simulation parameters used is as follows:
Run time = 24.0 s. Sampling time = 1.0 s. The GA was run with the following parameters:
Individuals per generation = 200. Maximum number of generations = 100. Maximum number of genotype per individual = 5. Mutation = 50%. Crossover = 50%. Elitism = 5%.
The simulated data was generated by solving the underlying ordinary differential equations. The data was then perturbed with Gaussian noise with zero mean and standard deviation equivalent to 4% of the maximum range of each of the chemical species concentration. The rates of change of concentration (concentration derivatives) were then obtained by fitting the concentration data using rational polynomials.
Results and Discussion
In order to test the methodology ten separate runs of the algorithm were made. The GA was found to be able to deduce the reaction network correctly in each of the ten runs. However, the results were found to be over-fitted in that additional false reactions were identified. Below is an example of a result obtained from a typical GA run. Inspection of Figure 3 , demonstrates that the first four reactions are accurately deduced and their reaction rate constants are close to the actual values used to generate the data. It can be noted however, that an additional reaction has been identified. This reaction has a very small isothermal reaction rate constant as compared to the rest of the reactions within the network and therefore plays very small part in the overall fitness of the network. In order to correctly identify the reaction network (and eliminate this reaction) further investigation would need to be conducted, e.g. through the use of additional experimental data.
Conclusion
In conclusion, the proposed approach to the automation of chemical reaction network identification using a GA has shown significant promise on noisy simulated data. Overfitting (in terms of identifying additional reactions that do not actually exist) is an issue with the approach. However, it is believed that this may be overcome by the use more experimental data and conducting more GA runs. Isothermal rate constant estimation by the GA has also been shown to be accurate. Furthermore, the results obtained in this work are comparable to those of (Searson et al., 2012) which also demonstrated overfitting that caused additional false chemical reactions to be identified.
Our further work will be to develop an algorithm that can identify a chemical reaction network in the presence of unmeasured data (such as the concentration of reaction intermediates).
